We developed a sophisticated method to depict the spatial and seasonal characterization of net primary productivity (NPP) and climate variables. The role of climate variability in the seasonal variation of NPP exerts delayed and continuous effects. This study expands on this by mapping the seasonal characterization of NPP and climate variables from space using geographic information system (GIS) technology at the pixel level. Our approach was developed in southeastern China using moderate-resolution imaging spectroradiometer (MODIS) data. The results showed that air temperature, precipitation and sunshine percentage contributed significantly to seasonal variation of NPP. In the northern portion of the study area, a significant positive 32-d lagged correlation was observed between seasonal variation of NPP and climate (P<0.01), and the influences of changing climate on NPP lasted for 48 d or 64 d. In central southeastern China, NPP showed 16-d, 48-d, and 96-d lagged correlation with air temperature, precipitation, and sunshine percentage, respectively (P<0.01); the influences of air temperature and precipitation on NPP lasted for 48 d or 64 d, while sunshine influence on NPP only persisted for 16 d. Due to complex topography and vegetation distribution in the southern part of the study region, the spatial patterns of vegetation-climate relationship became complicated and diversiform, especially for precipitation influences on NPP. In the northern part of the study area, all vegetation NPP had an almost similar response to seasonal variation of air temperature except for broad crops. The impacts of seasonal variation of precipitation and sunshine on broad and cereal crop NPP were slightly different from other vegetation NPP.
global climate change and carbon cycling processes (Steele et al., 2005; Zhang et al., 2002) .
NPP is controlled by many natural and anthropogenic factors, and climate plays a major role in NPP spatial and temporal variation (Field et al., 1995) . Climate impact on NPP is not only related to climatic variables, but also to different temporal dimensions (Steele et al., 2005; Peng et al., 2008) . NPP interannual fluctuations of different magnitudes exist because of global climate anomalies (Maisongrande et al., 1995; Kindermann et al., 1996; Malmström et al., 1997; Mohamed et al., 2004) . In short time scales, climate variables such as air temperature, precipitation and sunshine hours directly affect the physiological processes, including stomatal conductance, plant photosynthesis and respiration (Field et al., 1995) . Consequently, the study of the seasonal patterns of NPP and its relationship to climate variables is very important for strengthening the understanding of NPP-climate relationships. The impact of seasonal changes of climate on NPP was delayed and persisted for some time (Peng et al., 2008) , yet the relative importance of climate factors and NPP is that they are the geographical variables (Running et al., 2004) . Hence, it is necessary to study the spatial characterization of the relationship between seasonal variation of NPP and climate. The integration of remote sensing data and geographic information system (GIS) technology provides a potential approach to this study (Abdallah et al., 2005; López-Blanco and Villers-Ruiz, 1995; Wang et al., 2008) .
The purpose of this work is to extend and adapt the lagged cross-correlation analysis method, to study the delayed and continuous effects of seasonal climate on NPP, and to map the spatial and seasonal characterization of NPP and climate variables using GIS technology. We developed our approach in southeastern China using moderate-resolution imaging spectroradiometer (MODIS) data.
Materials and methods

Study area
Southeastern China, located between 23°-38° N and 114°-123° E (Fig. 1) , was selected to study the spatial characterization of NPP and climate relationships. This region belongs to the monsoon climate area of a warm temperate zone. The total land area is about 605 800 km 2 , of which 54.55% is crop land (including 41.95% cereal crops and 12.60% broad crops), 15.14% evergreen forests, 14.79% deciduous forests, 5.28% grass, 4.58% shrub, 2.16% water, and 3.23 % urban (Fig. 1 ).
Data
MODIS 16-d composite data at 250 m spatial resolution (MOD13Q1) from 2001 to 2004 were collected from the Earth Observing System Data Gateway. Each composite MOD13Q1 pixel is temporally filtered to the closest nadir view angle, with the least cloud or cloud shadow, and the lowest aerosol loading (Huete et al., 2002; Sun et al., 2009) . MODIS land cover product (500 m spatial resolution), which incorporates five different land cover classification schemes, was used to analyze the land cover distribution within the study area. Some vegetation types within the International Geosphere Biosphere Programme (IGBP) classification occupy a small region in southeastern China. Consequently, the fifth land cover scheme classification was used and subsequently reclassified as six vegetation types (cereal crops, broad crops, evergreen forests, deciduous forests, grass and shrub). Moreover, the area of each vegetation type had a very slight difference between 2001 and 2004. To study the impact of climate change on seasonal variation in NPP accurately, the highest quality MODIS data over a four-year period were selected using quality assurance information.
Daily average air temperature, total precipitation, average vapor pressure, sunshine percentage and average wind speed data from 2001 to 2004 were collected from 307 meteorological stations. For each climate variable, the values were calculated with the same temporal resolution as MODIS normalized difference vegetation index (NDVI). Longitude, latitude, elevation and the distance from the coast were selected as major factors relating to the spatial distribution of climate variables. Grid maps of each climate factor were obtained by trend surface analysis and residual interpolation method Li, 2006; Peng et al., 2007b) . Meteorological data from 227 stations were used for modeling, and data from the remaining stations were used for validation. Relative errors for each climate variable were less than 5% over 96% of southeastern China regions and less than 10% in the remaining study areas. The absolute errors of air temperature, precipitation, sunshine percentage, vapor pressure and wind speed were 0.5 °C, 2.0 mm, 0.013, 0.4 hPa and 0.0006 m/s, respectively.
NPP estimation
There are three types of models generally used to calculate NPP, including statistical model, parametric model, and ecological process model (Ruimy et al., 1999) , and the integration of parametric and process models, which is an effective method to combine remote sensing data with ecological/biophysical processes, has been used to estimate global and regional NPP (Bartelink et al., 1997; Peng et al., 2008) . The algorithms are defined as follows:
where GPP is gross primary productivity
and R m and R g are the maintenance and growth respiration by all living parts including fine roots and
where ε g is the light use efficiency, ε g =2.76 g C/MJ in this study; PAR is the photosynthetically active ra-
FPAR is the fraction of absorbed PAR and can be calculated by vegetation index (VI) and the maximum and minimum FPARs; f 1 (T) and f 2 (β) account for stresses induced by temperature and soil water availability, respectively (Field et al., 1995; Sun, 1998; Sun and Zhu, 2001; Turner et al., 2002; Zhao et al., 2005 
where FPAR max =0.950 and FPAR min =0.001. NDVI i,max and NDVI j,min for different vegetation types are shown in Table 1 (Sun, 1998) .
where lat is latitude (°), H is altitude (m), e d and S are the 16-d average vapor pressure (hPa) and sunshine percentage, and C 0i , C 1i , C 2i and C 3i are the model parameter coefficients as shown in Table 2 (Hou et al., 1993) .
where T and ET p are the 16-d average air temperature (°C) and potential evapotranspiration (hPa), respectively; PT i is the precipitation (mm) summed over a 16-d period and W i is the soil water content (mm), i=1, 2, …, 23; W FC is the field water capacity (Table 3 ) (Sun, 1998) . 
where Δ is the saturated vapor pressure curve slope, 
where PAR can be calculated from Eq. (5), and U is wind speed (m/s).
where M and R m0 are the dry matter weight (g C/m 2 ) and coefficient of maintenance respiration as shown in Table 4 (Lieth, 1975; Foley, 1994; Hunt, 1994; Bonan, 1995) .
Regression and lagged cross-correlation analysis
We extracted NPP and three climate variables within areas of six vegetation types (cereal crops, broad crops, evergreen forests, deciduous forests, grass, and shrub). The correlation between NPP and air temperature, precipitation and sunshine percentage for each vegetation type was analyzed.
We adopted an assumption that if the correlation between the coefficient of variations (CV) of NPP and climate factors was significant, the seasonal fluctuation of NPP is attributed to these climate variability (Fang et al., 2001) .
Lagged cross-correlation analysis incorporates both immediate physiological alterations and delayed biogeochemical adjustments of vegetation because of variable climates (Mohamed et al., 2004; Steele et al., 2005; Peng et al., 2007a) . The response of NPP to climate change is not instantaneous and has important delayed and continuous effects. The method of time-lagged correlation analysis is defined as follows (Fik and Mulligan, 1998; Zhang et al., 2005; Peng et al., 2008) :
where S k (x, y) is the sample covariance; S x , S y+k are the standard deviations and they are calculated by the following equations:
n k
, i x i y are defined as follows: 
Results
NPP validation and their seasonal patterns
NPP from previous work and measured values were used to assess the accuracy of estimating NPP using the above algorithms (Table 5) The seasonal patterns of NPP for each vegetation type are shown in Fig. 2 . The minimum and maximum values of NPP appear in winter and summer, respectively. However, the maximum NPP values of winter wheat appear in spring because of paddy-rice and upland crop (e.g., winter wheat, rapeseed) rotation. Evergreen forests have the highest NPP value, followed by deciduous forests. Moreover, the NPP values of grass and shrub are lower than those of other vegetation because of the sparse distribution of grass and shrub within the study area.
Correlation between seasonal variation of NPP and climate variables
The CVs of NPP exhibited significant positive correlations with the CVs of air temperature and precipitation (P<0.01), and a significant negative correlation with the CV of sunshine percentage (P<0.01) ( Table 6 ). These data indicate that the seasonal fluctuation in NPP is attributed to air temperature, precipitation and sunshine percentage in southeastern China. Therefore, the relative variation in air temperature and precipitation determines the seasonal fluctuation of NPP, and sunshine percentage variability is inversely correlated to the variability of NPP. The negative and positive correlations with air temperature, precipitation and sunshine percentage reflect the impacts from increase and decrease of water loss on vegetation production (Mohamed et al., 2004) .
Spatial characterization of delayed and continuous effects of seasonal climate variability on NPP
Air temperature
Based on the results of lagged cross-correlation analysis, we calculated the area percentages of air temperature influences on NPP at different time lags and duration lengths (Tables 7-8 ). The spatial distribution of the time lags and duration lengths of air temperature influences on NPP is shown in Fig. 3 . NPP for other vegetation types had a similar response to seasonal variation of air temperature, except for broad crops in the northern portion of the study area. There were only 1% of areas where NPP had no correlation with seasonal air temperature change. A significant positive 16-d lagged correlation between seasonal air temperature and NPP was observed in most portions of southern and middle southeastern China. 22% cereal crop, 30% broad crop, 11% evergreen and deciduous forests, and 16% shrub and grass NPP showed a significant positive 32-d lagged correlation with air temperature (P<0.01). Most of the vegetation was distributed in Shandong and Jiangsu Provinces. In the northern Shandong Province, crop NPP had a significant positive 48-d lagged correlation with air temperature (P<0.01) ( Table 7 , Fig. 3a ).
In the coastal areas of Jiangsu, Zhejiang and Fujian Provinces, the influences of seasonal air temperature on NPP persisted for 48 d. However, the duration length of air temperature influences on NPP was 64 d over most of the study area, which was mainly distributed in Shandong, Anhui and Fujian Provinces, and included 63% of cereal crops, 56% of broad crops, 50% of evergreen and deciduous forests, and 53% of shrub and grass. In addition, the influences of seasonal air temperature on NPP lasted for 80 d in the northern portion of Shandong Province (Table 8 , Fig. 3b ).
Precipitation
The statistical results of area percentages of precipitation influences on NPP at different time lags and duration lengths are shown in Tables 9 and 10 . We mapped the spatial distribution of these results using GIS technology (Fig. 4) . The significant influences of the seasonal precipitation change on crop NPP primarily occurred at 32-d or 48-d lag, and lasted for 48 d or 64 d. However, the NPP of all other vegetation types showed a significant correlation with precipitation at several different time lags. Moreover, the time lengths of precipitation influences had a dispersed distribution ranging from 16 d to 80 d.
In a few places in the western Anhui and Fujian Provinces, NPP had no correlation with precipitation. In the northern portion of the study area and the coastal areas of Zhejiang and Fujian Provinces, there was a significant positive 32-d lagged correlation (2000) Mohamed et al.
Measured values (Liu et al., 1993; Hu et al., 1990 Fig. 4a ). The influences of precipitation persisted for 16 d or 32 d in some regions of the southern and central study area, and 48 d in Jiangsu and Shandong Provinces. In the northern portion of southeastern China, precipitation influences on NPP lasted for 64 d. However, some areas in the western Zhejiang and Fujian Provinces, precipitation influences on NPP lasted for up to 80 d (Table 10 , Fig. 4b) .
Precipitation infiltrates into the subsurface soil, and is absorbed by the roots of vegetation and subsequently stored by the vegetation canopy and stems, resulting in plants growth. These processes may contribute to the significant time lagged correlation and time lengths of precipitation influences on NPP.
Sunshine percentage
Sunshine percentage is calculated by the ratio of the actual measured sunshine hours to the maximum possible sunshine hours (Jensen et al., 1990) . Sunshine influences on NPP differed from air temperature and precipitation. There was no significant correlation between seasonal NPP and sunshine percentage in the northwestern part of the study area, and a significant negative correlation was observed in other areas (Table  12 , Fig. 5 ). These phenomena may be attributed to excess sunshine which results in water evaporation and vegetation water stress in southeastern China.
The significant correlation between seasonal sunshine percentage and crop NPP was observed at 16-d, 32-d, 48-d, and 96-d lags. NPP for all non-crop vegetation showed a significant correlation with seasonal sunshine percentage change at 16-d or 96-d lag (Table 11) .
From south to north, the time lags of sunshine influences on NPP were 16, 80, 90, 32 and 48 d, respectively (Table 11 , Fig. 5a ). These influences lasted for 16 d over most southern and central areas of southeastern China, and 32 d in some areas in Zhejiang and Jiangsu Provinces. However, the effects of sunshine persisted for up to 48 d or 32 d in the northeastern portion of Shandong Province (Table 12 , Fig. 5b ). 
Discussion
Southeastern China was selected as the study area because of its large latitude span, high vegetation coverage (about 95%), and spatial variation of vegetation types and climate. However, shrub and grass are dispersed throughout the study region, especially in the forests. They occupy about 10% of the study area. Therefore, it is very difficult to capture the different responses of shrub and grass NPP to the seasonal climate change from forests. The spatial and seasonal patterns of NPP and vegetation-climate relationship at a continental and global scale remain to be studied. Due to some uncertainties in the input data, the global seasonal MODIS NPP product is still being researched (Zhao et al., 2005; Zhao and Running, 2006) . In addition, the temporal resolution of MODIS data in this study is 16 d, indicating that the error ranges of the time lags and duration lengths of the climate influences on NPP are 0 to 16 d. However, based on the lagged cross-correlation analysis method and GIS technology, with the update of MODIS products, acceptable spatial and temporal resolution MODIS data (such as MODIS combined products) and seasonal MODIS NPP will be favorable to the further vegetation-climate relationship studies at a continental or global scale.
NPP is driven by solar radiation and can be constrained by temperature, precipitation and sunshine (Lieth, 1975) . This study used lagged cross-correlation analysis to explore the relationship between seasonal NPP and climate change. The spatial patterns of the vegetation-climate relationship were analyzed using GIS technology. Compared with previous researches, this study expands in the following three areas.
Firstly, Mohamed et al. (2004) studied the role of climate variability in the inter-annual variation of NPP. Annual NPP is the summation of seasonal NPP, and the response of annual NPP to climate change is also the cumulative effect of seasonal climate change. In addition, NPP is the main cause of seasonal fluctuations in atmospheric CO 2 concentrations (Ciais et al., 1995; Keeling et al., 1996) . For estimates of the global carbon balance, a large amount of uncertainty centers on the role of terrestrial ecosystems. NPP and its corresponding seasonal variations are key components in the terrestrial carbon cycle. NPP seasonal fluctuations are vital to enhance our understanding of both the functioning of living ecosystems and subsequent feedback to the environment (Wolfgang, 1999) .
Secondly, the continuous effect of climate variability on NPP was studied. The impact of climate on NPP is not instantaneous. However, it persists for a period of time (Fik and Mulligan, 1998) . Under warm temperature, more vegetation growth causes more biomass input to the soil pool, and the associated precipitation causes high soil moisture, which facilitates the transformation of organic matter into readily available inorganic nutrients (mainly phosphorous and nitrogen) for the benefit of delayed plant growth (Neill et al., 1995; Tian et al., 1998) . These processes may contribute to the delayed and continuous effects of climate on NPP.
Thirdly, the spatial patterns of the vegetationclimate relationship were mapped using GIS technology. As both NPP and climate have geographical variability (Running et al., 2004) , the general descriptions are not sufficient to depict the vegetation-climate relationship, especially for a large study area.
Conclusion
This paper explored the spatial and seasonal characterization of NPP and climate variables. The significant correlations between the CVs of NPP and those of air temperature, precipitation and sunshine percentage indicated that the seasonal variation of NPP was attributed to the seasonal climate variability. We found that the responses of seasonal NPP to climate change were not only related to different climate factors, but also to the spatial distribution of these variables and different vegetation types. NPP had a significant positive correlation with air temperature and precipitation in almost all area of southeastern China. No significant correlation between vegetation NPP and seasonal sunshine fluctuations was observed in one third of the study area, and a significant negative correlation occurred in the remaining regions. In addition, the delayed and continuous effects of seasonal climate change on crop NPP were slightly different from other vegetation NPP.
